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Abstract: Analyzing costs and greenhouse gas (GHG) emissions could be of great importance for
the water utilities to supply water services in a healthy and sustainable manner. In this study, we
measured the eco-efficiency of several water utilities in England and Wales by incorporating GHG as
an undesirable output. For the first time, we evaluated the eco-efficiency of the water production
process using robust cross-efficiency data envelopment analysis (DEA) techniques. The further use
of clustering and regression techniques allowed us to better understand the drivers of eco-efficiency.
The results showed that the mean eco-efficiency of the water sector was 0.748, which indicates
that costs and GHG emissions could be reduced by 25.2% to generate the same level of output.
Large water companies with high energy costs and levels of GHG emissions belonged to the less
eco-efficient group. Environmental factors related to density, topography, and treatment complexity
further impacted eco-efficiency. Finally, we linked our results to the regulatory cycle and discuss
some policy implications.
Keywords: cross eco-efficiency; greenhouse gas emissions; environmental variables; water utilities;
England and Wales
1. Introduction
Water and energy are two resources that are highly linked and will influence the
future of the economy and environment. Energy is used to abstract and treat raw water,
and subsequently to treat collected wastewater before it is safely and healthy discharged
to the environment. The activities to provide water and wastewater services result in the
release of greenhouse gas (GHG) emissions in the atmosphere which harm the health of
people and environment [1]. Greenhouse gas emissions in the water and sewerage industry
embrace scope 1, scope 2 and scope 3 emissions. It is estimated that 1%–2% of the total
global primary energy use and 6% of regional electricity usage is associated with the water
industry [2–4].
Therefore, reducing energy costs and GHG emissions, and moving to a sustainable
urban water cycle, is a priority for water utilities [5]. Wakeel et al. [6] studied the use of
energy in the production of drinking water and wastewater treatment at a country level.
The authors found that energy intensive technologies used to treat water and wastewater
could lead to high levels of GHG emissions. Other studies by Chen et al. [7] and Liao
et al. [8] conducted at a city level showed that energy demand could substantially increase
in the water cycle due to population growth and climate change. As a result, policy makers,
academics, and professionals have been working towards the implementation of a net
zero carbon water industry. For instance, the state of Victoria in Australia aims to obtain
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net zero carbon emissions in the water industry by 2050 [9]. In an analogous manner, the
United Kingdom (UK) government aims to cut down its GHG emissions in the water sector
by 80% by 2050 [4]. A greater understanding of both economic (energy and other costs)
and environmental (GHG emissions) efficiency is of great importance for the water and
sewerage sector to deliver its services in a sustainable and healthy way.
From a methodological point of view, the evaluation of water utilities’ efficiency can
be conducted using parametric (econometric, e.g., stochastic frontier analysis (SFA)) and
non-parametric (linear programming, e.g., data envelopment analysis (DEA) techniques).
Unlike parametric approaches, non-parametric techniques do not require the specification
of a functional form for the underlying technology [10]. Among non-parametric techniques,
DEA has been widely used to compare each company’s efficiency relative to the “industry
best practice” frontier [11,12]. Therefore, this study used DEA techniques to evaluate water
utilities’ eco-efficiency. Eco-efficiency is defined as the production of more goods (outputs)
and services with fewer resources (inputs) and a smaller environmental impact. The prefix
‘eco’ represents the environmental and economic performance; therefore, the assessment
of eco-efficiency involves considering both environmental and economic variables. Few
previous studies have measured the performance of water utilities by integrating GHG
emissions as an undesirable output. Ananda and Hampf [13] and Ananda [9,11] used
DEA techniques to estimate eco-efficiency in several water companies in Australia. The
limitation of the above studies is that eco-efficiency was estimated using traditional DEA
techniques. This means that the eco-efficiency of each water company (decision-making
unit—DMU) was estimated based on a self-evaluation framework which might lead to
eco-efficiency scores being over estimated [14]. This is due to the fact that the weights of
the variables used in the analysis could take zero values and, therefore, these observations
would not be part of the evaluation process. To overcome this limitation, Liu et al. [15]
imposed restrictions on weights that prevented them from taking zero values and used
cross-efficiency techniques. By doing this, the authors ensured that all observations were
included in the evaluation. Moreover, each DMU was required not only to be self-evaluated
but also to be peer-evaluated [16–18]. However, the main limitation of the cross-efficiency
technique is that weights are not optimal [16]. To address this issue, two main approaches
were developed by Sexton et al. [19] and Doyle and Green [16]. The first is the aggressive
cross-DEA approach, which maximizes the efficiency of each DMU when the efficiency
of the other DMUs is minimized [19]. The second approach is the benevolent cross-DEA
approach, which maximizes the efficiency of each DMU when the efficiency of the other
DMUs is maximized [16]. Liu et al. [15] developed an approach that included both the
aggressive cross-DEA model and companies’ best ranking positions.
Cross-efficiency techniques have been used to evaluate eco-efficiency integrating
undesirable outputs (e.g., GHG emissions) in several sectors such as energy [14,15], air-
lines [20], and agriculture [21]. However, to the best our knowledge, no prior studies in
the water industry have applied cross-efficiency techniques with undesirable outputs to
estimate the eco-efficiency of water utilities. Our study aims to fill this gap in the literature.
Additionally, the model developed by Liu et al. [15], which considers restrictions in weights
and includes firms’ intentions of pursuing the best ranking positions, has previously been
applied in coal-fired power plants. To the best of our knowledge, no previous applications
to the water industry have been made in England and Wales or elsewhere. Therefore, in
this study we first assessed the eco-efficiency of water companies without imposing any
restrictions on weights for desirable and undesirable outputs. To improve the accuracy of
efficiency scores, we imposed restrictions on weights. This evaluation was based on self
and peer evaluation of the units involved in the analysis, i.e., cross-efficiency techniques.
Finally, to improve the robustness of efficiency scores, we evaluated the eco-efficiency of
firms by including their intention of pursuing the best ranking positions. This evaluation
was conducted using cross-efficiency techniques.
Against this background, the main objective of this study was to estimate the eco-
efficiency of several water utilities using cross-efficiency techniques. The robustness of
Int. J. Environ. Res. Public Health 2021, 18, 2831 3 of 17
each eco-efficiency technique was further analyzed and discussed. Furthermore, to obtain
a greater understanding of water utilities’ performance, we employed cluster analysis
to analyze and group water companies with similar characteristics based on their eco-
efficiency scores. The last step of our analysis was to employ econometric techniques to
understand whether variables in addition to costs could significantly impact companies’
eco-performance. These variables were related to topography, water treatment complexity,
and density.
We make the following contributions to the existing literature. First, the evaluation of
companies’ efficiency includes both a self and peer evaluation. Because the water industry
consists of heterogeneous companies whose efficiency could be influenced by production
costs and other environmental characteristics, we used cross-efficiency techniques. More-
over, the inclusion of GHG emissions as an undesirable output in the water production
process allows us to measure both economic and environmental performance. This is a
novel approach because, to the best of our knowledge, no prior studies have been con-
ducted of the English and Welsh water industry that analyze companies’ eco-efficiency
using cross-efficiency DEA techniques. The main differences between the proposed method
and the traditional approaches used to measure eco-efficiency in the presence of undesir-
able outputs are as follows. First, unlike parametric approaches such as stochastic frontier
analysis (SFA) (see for instance, [22]) our proposed approach does not make any assump-
tions regarding the functional form for the underlying production technology. Moreover,
traditional non-parametric approaches (e.g., [23–25]) do not impose any weight restrictions
on undesirable outputs. As a result, the weights might take zero values, which means
that not all observations will be included in the calculation of efficiency. Our proposed
approach overcomes this limitation by ensuring that weights take positive values. Fur-
thermore, traditional DEA methods [26,27] depend on the self-evaluation of units by not
taking into account the efficiency of other units. In contrast, our proposed approach uses
cross-efficiency techniques by including both self and peer evaluation. To ensure that our
efficiency scores are robust, we take into account the ranking priority of units under evalu-
ation. Furthermore, we linked the results with the regulatory cycle to discuss the impact of
regulation on companies’ eco-performance. Some policy implications are finally discussed.
2. Methods
In this section we discuss the methodology used to assess the eco-efficiency of several
water utilities in England and Wales. Section 2.1 presents the DEA techniques to measure
the relative eco-efficiency. The next section employs cluster techniques to group companies
based on their eco-efficiency scores. Section 2.3 presents the econometric methods used
to quantify the impact of several environmental variables on companies’ eco-efficiency.
Figure 1 shows a visual presentation of the methodology used in this study.
2.1. Eco-Efficiency Assessment
This section discusses the methodology used to evaluate the eco-efficiency of several
water utilities in England and Wales after taking into account undesirable outputs such
as GHG emissions in the production process. Following the approach of Liu et al. [15],
we ran several DEA models to assess water companies’ eco-efficiency. The first model
was the traditional DEA model developed by Charnes et al. [11], which is a model for
self-evaluation of DMUs. The limitation of this model is that weights might not be optimal,
so efficiency (eco-efficiency) scores might be overestimated [18,28,29]. To overcome this
limitation, we used cross-efficiency techniques, namely, both a self and peer evaluation
technique [18]. However, the main limitation of this technique is that the weights might
not be unique [16]. To overcome this issue, we ran a third DEA model, which takes into
account DMUs’ best ranking positions and the efficiency of the other DMUs is minimized
when the efficiency of each DMU is maximized [15].
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Figure 1. Eco-performance measurement of water utilities in our study.
Let’s assume that there are k DMUs (or water companies) (k = 1, . . . , K) that employ a
set of l inputs, xik(i = 1 . . . l) to produce a set of m desirable outputs, yrk(r = 1 . . . m) and n
undesirable outputs, ybk(b = 1 . . . p). The traditional DEA model developed by Charnes
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νik ≥ 0 i = 1, 2, . . . l (1)
where urk, ωbk, vik are the weights for the desirable outputs, undesirable outputs, and
inputs, respectively. Model (1) is the first model that was used for the analysis of the
eco-efficiency scores of water utilities. However, this model does not have any constraints
regarding the weights of desirable and undesirable outputs, which means that there might
be cases where the weights of desirable or undesirable outputs could be zero. Thus, the
objective value ϕwill not include all weights for evaluation. To overcome this issue, Liu
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where Φ∗
k
is a positive value for each water company k and its optimal value, Φ∗
k
is then
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Model (3) prevents the weights of desirable and undesirable outputs from being zero
and, therefore, they are all included in the evaluation. Parameters α and β denote the lower
bounds that the weights of desirable and undesirable outputs are permitted to take in the
evaluation [15]. In our study, α and β were set to 0.2, which is consistent with the study by
Liu et al. [15]. Model (3) is the second model that was used to estimate the eco-efficiency
scores of water utilities. After running Model (3), the eco-efficiency scores were calculated
based on cross-efficiency techniques, i.e., self and peer evaluation of water companies [21].




















Because the optimal solution of Model (3) is not unique, water companies are eco-
efficient or inefficient based on different optimal solutions, and thus take different ranking
places. To overcome this issue, Liu et al. [15] proposed the ranking priority model where it
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identifies the best ranking position of a firm using its own optimal weights. The ranking
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νik ≥ 0 i = 1, 2, . . . l (5)
where γk is the eco-efficiency score of each firm (water company) k estimated from Model
(3) and P is a large positive value. To ensure that the ranking place and efficiency score is
optimal, Liu et al. [15] developed the following model where the eco-efficiency of the other
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where δ∗k is the optimal value obtained from the ranking priority in Model (5). Model
(6) was the third model used for the estimation of the eco-efficiency of water utilities.









from Model (6), then the cross-eco-efficiency score of each firm (water





















To better understand the eco-performance of water companies, we employed cluster
analysis techniques to classify companies into groups based on their eco-efficiency scores.
Cluster analysis has been widely used to deal with environmental issues [30,31]. The
idea of cluster analysis is that objects are grouped together based on similar characteris-
tics [32]. In the efficiency analysis framework, there were several studies that integrated
cluster analysis and DEA techniques to measure firms’ efficiency and then group them
based on their efficiency [32–36]. There are several approaches for clustering objects into
homogeneous groups, such as k-means and hierarchical clustering (for an overview of
these methods please see [37]). The main advantage of hierarchical clustering over the
aforementioned approaches is its robustness. In contrast with k-means, it does not make
any assumptions about the variance of the variables, or the amount of data in each cluster
or the clusters. In addition, hierarchical clustering is less sensitive to outliers than other
clustering methods [37]. Thus, our study used the hierarchical cluster technique to classify
water companies based on their eco-efficiency scores.
The hierarchical cluster algorithm is an iterative process [31]. Initially, every object
(firm/data point) is considered as a cluster, i.e., there are as many clusters as data points.
Then the two most similar clusters are merged (linkage process). The merging process
continues until all of the data belong to a single cluster [31]. In this article, Ward’s linkage
criterion was used to determine which clusters will be merged following past studies (see
for instance [31,38]). Therefore, the minimum increase in the new cluster’s variance (Ward’s
criterion) was used to determine the clusters that will be merged ([31,38,39]).
2.3. Analysis of Eco-Efficiency Drivers
The final step of our analysis was to understand how several environmental variables
might impact the eco-efficiency of water companies. To do this, we employed econometric
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techniques in which the dependent variable was the eco-efficiency score and examples of
several explanatory variables could include population density and abstraction of water
from rivers (see next section for more details). Because the eco-efficiency score is a truncated
variable with values between zero and one, Tobit regression was used to derive robust
estimates. Several studies in the past used Tobit analysis to understand the drivers of
inefficiency in the production process (see for instance [4,12,40–46]). The model employed
was defined as follows:
µ∗k,t = π0 + πkζ
′
k,t + τk + εk,t (8)
where µ∗k,t is the cross eco-efficiency score of each water company k at any time t obtained
from Equation (7), π0 is the intercept term, ζ ′k is a set of environmental variables and πk are
its related parameters to be estimated, τk denotes firm-specific unobserved heterogeneity






3. Case Study Description
The empirical approach conducted in this study focused on the water services pro-
vided by Water and Sewerage Companies (WaSCs) and Water Only Companies (WoCs)
in England and Wales during the years 2013–2018. Being natural monopolies, the Water
Services Regulation Authority (Ofwat), which is the economic regulator, was set up to
monitor the economic and environmental performance of water companies. This is done
by approving water companies’ business plans and setting revenue allowances (price caps)
every five years.
To determine the eco-efficiency of the water companies we used the following in-
puts and desirable and undesirable outputs. The first input was defined as the energy
expenditure (cost) for the provision of water services measured in millions of pounds each
year [4,47]. The second input was defined as other water expenditure (cost) derived as the
difference between water operating expenditure and energy expenditure [48,49]. Other
water expenditure was also measured in millions of pounds each year. Three desirable
outputs were selected for the purposes of our study. The first desirable output was the
volume of water delivered measured in thousands of cubic meters per year [13,50,51].
The second desirable output was the number of water-connected properties measured
in thousands per year [48,52]. The third desirable output was the length of water mains
measured in thousands of kilometers per year [53,54]. The undesirable output was the
GHG emissions from the supply of water services. It was expressed in tonnes of carbon
dioxide equivalent, CO2 equivalent (CO2eq) per year [4,13,51,55], and was measured based
on the UK Government Environmental Reporting Guidelines [4,56]. GHG emissions are
related to company’s activities to abstract, treat, and supply water to its customers [57,58].
To better understand the drivers of eco-inefficiency in the production process, we used
the following environmental variables in our estimation. These were selected to capture the
different operating characteristics of the companies, such as topography, treatment com-
plexity, and population density [4]. Thus, the percentages of water taken from boreholes
and rivers, and average pumping head capture topography [49,50,59,60]. The more water
is abstracted from rivers or boreholes, the higher the pumping (energy) requirements could
be. This could lead to higher GHG emissions and lower inefficiency. Two variables were
used to capture the water treatment complexity. The first was the percentage of water that
receives an advanced level of water treatment (for more detail see [4,61–64]). The second
was the number of treatment works when water is taken from surface water resources [62].
Finally, population density was defined as the ratio of population to the length of water
mains [65,66]. Table 1 depicts the descriptive statistics of the variables used in the study.
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Table 1. Descriptive statistics of the variables used.
Variables Unit of Measurement Mean Std. Dev. Min. Max.
Volume of water delivered 000 s m3/year 713 555 56 2169
Number of water connected properties 000 s/year 1499 1125 124 3826
Length of water mains 000 s km 20,451 14,099 2024 47,817
Greenhouse gas emissions tonCO2eq/year 82,845 69,062 4542 275,900
Energy costs ₤m/year 20 15 2 60
Other costs ₤m/year 93 79 8 332
Water taken from rivers % 22.9 20.9 0.1 73.2
Water taken from boreholes % 40.0 30.8 3.5 92.1
Surface water treatment works nr 16 15 1 54
Water receiving high levels of treatment % 93.1 5.4 81.0 100.0
Average pumping head nr 147 44 65 256
Population density 000 s/km 0.167 0.048 0.107 0.316
Observations 108
Energy and other costs are expressed in 2018 prices.
4. Results
This section discusses the results obtained from the use of different techniques to
analyze the eco-efficiency of water utilities. Section 4.1 presents the findings from the
implementation of different DEA models to evaluate relative efficiency and the use of
clustering techniques to analyze eco-efficiency scores. Section 4.2 presents the results from
regressing the eco-efficiency scores on several environmental variables and determines
their impact.
4.1. Eco-Efficiency Estimation
Average eco-efficiency scores for WaSCs and WoCs estimated based on Models (1) and
(3) are first presented. Both models refer to the traditional DEA model developed by [11]
((Charnes, Cooper, Rhodes (CCR) model). Model (1) allows for weights to be flexible (take
zero values) whereas Model (3) prevent weights from taking zero values. The eco-efficiency
scores were calculated based on the self-evaluation framework and a summary is reported
in Table 2. The results indicate that under Model (1), 37 out of 102 (36.3%) observations
reported zero values for their weighted sum of outputs. This means that these observations
were not taken into account in the evaluation. Moreover, 24 out of 37 (64.9%) observations
reported zero values for the undesirable output. This means that only desirable outputs
were considered in the evaluation. In contrast, under Model (3), as expected, there were no
observations whose outputs weights had zero values. This means that both desirable and
undesirable outputs were included in the evaluation. Thus, Model (3) is more appropriate
than Model (1) to assess the eco-efficiency of water utilities.
Table 2. Summary of pooled statistics of eco-efficiency estimations.
Estimates
Model (1) Model (3)
WaSCs WoCs All Water Companies WaSCs WoCs All Water Companies
Average eco-efficiency 0.930 0.896 0.916 0.918 0.892 0.907
Number of DMUs whose
sum of weights of
desirable outputs takes
zero values
8 5 13 0 0 0
Number of DMUs whose
sum of weights of
undesirable outputs takes
zero values
20 4 24 0 0 0
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It was found that during the years 2013–2018 on average WaSCs were 0.918 carbon
efficient, which means that energy, other costs, and GHG emissions could be reduced by
8.2% to maintain the same level of output. As shown in Table 3, all WaSCs reported high
levels of eco-efficiency, with values ranging from 0.875 to 1. The average WoC reported a
lower level of eco-efficiency than the average WaSC. It was found that on average WoCs
reported an eco-efficiency of 0.892. This suggests that the average WoC could reduce costs
and GHG emissions by 11.8% to improve its eco-efficiency.
Table 3. Eco-efficiency of water companies estimated using Model (3).
Water Company Eco-Efficiency Score Sum of Weights ofDesirable Outputs
Sum of Weights of
Undesirable Output
WaSC1 0.978 0.440 0.538
WaSC2 0.795 0.650 0.145
WaSC3 0.936 0.714 0.222
WaSC4 0.875 0.375 0.500
WaSC5 0.952 0.640 0.312
WaSC6 0.930 0.915 0.015
WaSC7 0.841 0.645 0.196
WaSC8 0.930 0.856 0.074
WaSC9 1.000 0.100 0.900
WaSC10 0.941 0.636 0.305
WoC1 0.865 0.390 0.475
WoC2 0.776 0.423 0.353
WoC3 0.797 0.416 0.381
WoC4 1.000 0.590 0.410
WoC5 0.885 0.786 0.100
WoC6 0.968 0.349 0.619
WoC7 0.952 0.231 0.721
Average WaSC 0.918 0.597 0.321
Average WoC 0.892 0.455 0.437
Average 0.907 0.539 0.369
The eco-efficiency scores presented in Table 3 refer to the self-evaluation only of the
water companies. Table 4 presents the eco-efficiency scores that include both self and peer
evaluation. These are the cross-efficiency scores derived after running DEA Models (3)
and (5). It was found that both models reported lower eco-efficiency scores than the those
evaluated using the self-evaluation framework. On average, the English and Welsh water
industry needed to reduce GHG emissions and costs by 23% to achieve higher carbon
efficiencies. Moreover, the cross-efficiency scores from both models can be employed to
rank water companies in different positions [15]. However, the two techniques reported
different results in ranking. For instance, under Model (3) the most eco-efficient company
was WoC4, whereas under Model (5) it was WaSC1. Several other companies changed
their ranking places under these two approaches. For instance, WaSC8 ranked 12th under
Model (3) and 10th under Model (5). Changes in ranking places were reported for WoC1,
from 10th under Model (3) to 12th under Model (5). These differences in rankings along
with efficiencies are due to the assumptions underlining each model. Moreover, unlike
Model (3), Model (5) guarantees the uniqueness of the optimal weights of each firm [15].
Thus, Model (5) is considered more appropriate than Model (3), and the eco-efficiency of
WaSCs and WoCs is further discussed based on this approach. This finding illustrates the
importance of using robust and reliable methods to evaluate the performance of water
companies, especially when results are used for regulatory purposes.
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Table 4. Cross-eco-efficiency scores and ranking of water companies.
Water Company
Model (3) Model (5)
Eco-Efficiency Score (γ*k) Rank Eco-Efficiency Score (µ
*
k) Rank
WaSC1 0.905 3 0.890 1
WaSC2 0.670 15 0.639 15
WaSC3 0.790 8 0.767 8
WaSC4 0.764 9 0.744 9
WaSC5 0.870 4 0.835 4
WaSC6 0.601 17 0.618 16
WaSC7 0.648 16 0.591 17
WaSC8 0.708 12 0.723 10
WaSC9 0.907 2 0.882 3
WaSC10 0.851 5 0.826 5
WoC1 0.742 10 0.710 12
WoC2 0.692 13 0.667 14
WoC3 0.725 11 0.712 11
WoC4 0.910 1 0.885 2
WoC5 0.684 14 0.668 13
WoC6 0.832 6 0.783 6
WoC7 0.820 7 0.777 7
Average WaSC 0.772 0.752
Average WoC 0.772 0.743
Average 0.772 0.748
Figure 2 reports the cross eco-efficiency scores for WaSCs and WoCs during the years
2013–2018 based on DEA Model (5). We split the period of study into two sub-periods,
2013–2015 and 2016–2018, to link the results with the regulatory cycle. The findings indicate
that the water companies did not perform well in reducing their carbon emissions, as shown
by their eco-efficiency scores. It was found that on average WaSCs and WoCs reported an
efficiency score of 0.752 and 0.743, respectively. This means that WaSC and WoC could
generate the same output with 24.8% and 25.7%, respectively, of costs and CO2eq emissions
used if they were producing on the eco-efficient frontier. We note that the average WaSC’s
eco-efficiency deteriorated over time, whereas the average WoC’s efficiency followed an
upward trend. The differences in eco-efficiency scores between WaSCs and WoCs could
be attributed to the expenditure of water companies’ themselves. Another reason could
be abstracting water from different resources, which might require different levels of
treatment, thus eventually increasing treatment costs and CO2eq emissions [4].
Figure 2. Evolution of eco-efficiency over time for water and sewerage companies (WaSCs) and water
only companies (WoCs) estimated using Model (5).
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During the years 2013–2015, which is the period covered by the 2009 price review,
the regulator introduced several financial incentives to boost companies’ economic and
environmental performance. These included a rolling mechanism by which the water
companies were permitted to maintain any savings in operating expenditure regardless
of the year occurred [60]. Other schemes included the Service Incentive Mechanism (SIM)
to financially reward companies who improved quality of service to customers. WaSC’s
efficiency peaked in 2014 but eventually decreased the following year. It is shown that
during the years 2013–2015, WaSC’s eco-efficiency was decreasing at a rate of 0.4% per year.
In contrast, WoC’s eco-efficiency increased by 3.5% on average, from 0.710 in 2013 to 0.735
in 2015. Thus, WaSCs need to better manage their daily operations by moving to a more
efficient allocation of their resources to improve their cost and environmental performance.
The next sub-period (2016–2018) refers to the period covered by the 2014 price review.
The water regulator introduced several common performance indicators to measure the
economic and environmental performance of water companies. When companies delivered
the promised service levels to their customers, they received financial rewards; otherwise,
financial penalties were imposed [60]. The results showed that the downward trend in
WaSCs’ eco-efficiency continued. This might be attributed to increases in energy and other
costs which might have led to higher levels of CO2eq emitted in the atmosphere. It is noted
that, compared to 2013, the average WaSC’s eco-efficiency reduced from 0.777 in 2013 to
0.688 in 2018. In contrast, the average WoC’s eco-efficiency increased to the level of 0.767,
an 8% improvement relative to 2013. Overall, the results indicate that both WaSCs and
WoCs need to achieve savings in their production costs and curtail their GHG emissions.
This is particularly evident for WaSCs who showed a deterioration in their eco-performance
over time. Water companies could employ new practices and technologies that could help
them reduce treatment costs (e.g., energy and chemical) and carbon emissions. Another
example could be the use of energy from renewable sources, which could reduce the cost
of treatment and the level of emissions released in the atmosphere from the provisions of
water services.
Because cross-eco-efficiency scores differ among WaSCs and WoCs and across years
(Table 4 and Figure 1), we employed cluster analysis techniques to classify water companies
into similar groups based on their eco-efficiency scores across all years of our sample. The
results are reported in Table 5. The clustering analysis revealed two groups. The first group
comprised the most eco-efficient companies, and the second group the less eco-efficient
companies. The most eco-efficient group had five WaSCs and three WoCs. During the
whole period of study, the mean eco-efficiency was 0.831, which means that on average the
companies needed to reduce costs and CO2eq emissions by 16.9% to generate the same level
of output. Eco-efficiency improvements for this group ranged between 11.0% and 23.3%.
Table 5. Cluster analysis of eco-efficiency scores.
Clusters Average Min Max Water Companies
Cluster I 0.831 0.767 0.890 WaSC1, WaSC3, WaSC5, WaSC9, WaSC10,WoC14, WoC16, WoC17
Cluster II 0.675 0.591 0.744 WaSC2, WaSC4, WaSC6, WaSC7, WaSC8, WoC11,WoC12, WoC13, WoC15
The less eco-efficient group consisted of five WaSCs and four WoCs. On average this
group showed a low eco-efficiency score across all years. It was found that a decrease in
both costs and CO2eq emissions by 32.5% is required to provide the same level of output.
Thus, the less eco-efficient water companies need to make substantial improvements to
improve both economic and environmental performance to catch up with the most eco-
efficient companies in the industry. For instance, the worst eco-efficient company needs
to reduce costs and CO2eq by 40% to be eco-efficient. This group of water companies
needs to serve more customers and deliver high volumes of water. In contrast, the most
eco-efficient group includes water companies with lower volume of water to treat and
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distribute because the number of customers is lower. We further note that, for this group
of water companies, the density levels and energy requirements to abstract water from
different resources are lower than the those from the less eco-efficient group. Therefore, it
seems that the eco-efficiency of the companies might be influenced not only by production
costs but also other operating characteristics.
4.2. Drivers of Eco-Efficiency
Table 6 presents the results from Tobit regression, which allowed us to quantify the
impact of the operating and environmental variables on water companies’ eco-efficiency.
It is illustrated that water treatment complexity, number of treatment works for surface
water, population density, and average pumping head had a statistically significant impact
on eco-efficiency. It was found that the higher the level of water treatment, the higher the
costs to treat and thus the higher the level of GHG emissions released to the atmosphere.
Keeping things equal, one unit increase in the level of water treatment might lead to a
0.571 unit decrease in water companies’ eco-efficiency. Similarly, the higher the number
of treatment works for surface water, the lower the eco-efficiency of the water companies
could be. This means that surface water might require high levels of treatment before it
is distributed to end users. As a result, higher treatment costs could lead to higher GHG
emissions and eventually lower eco-efficiency. This finding evidences the importance of
adopting policies at the watershed level. Population density is an important driver of
water companies’ eco-efficiency. The more densely populated the area, lower the reported
eco-efficiency of water companies. Technically speaking, a one unit increase in population
density could lead to a reduction in average eco-efficiency by 0.291 units. Finally, the more
water is abstracted, the higher the energy requirements to pump water to the treatment
plants and customers. Thus, higher average pumping head could lead to higher costs and
GHG emissions and, eventually, lower eco-efficiency.
Table 6. Estimates of Tobit regression: variables affecting eco-efficiency scores.
Variables Coef. Std. Err. Z-Stat. p-Value
Constant −0.156 0.383 −0.410 0.684
% of water taken from boreholes 0.084 0.070 1.190 0.234
Water treatment complexity −0.571 0.340 −1.680 0.093
% of water taken from rivers 0.041 0.077 0.540 0.592
Number of SW treatment works −0.003 0.002 −2.000 0.046
Population density −0.293 0.075 −3.920 <0.001
Average pumping head −0.001 <0.001 −2.690 0.007
Year
2014 0.021 0.023 0.950 0.343
2015 0.009 0.023 0.390 0.694
2016 0.003 0.023 0.150 0.881
2017 −0.007 0.023 −0.310 0.760
2018 −0.047 0.026 −1.830 0.067
Log-likelihood 120.05
X2(11) 24.95
Prob > X2(11) 0.009
Eco-efficiency score is the dependent variable; bold coefficients are statistically significant from zero at the 5%
level. Bold italic coefficients are statistically significant from zero at the 10% level.
The results of our study could be of great interest to stakeholders for the following
reasons. First, we provide a methodology to identify the eco-efficiency of the water
companies over time. We also highlight the importance of selecting a methodology that
can provide robust and accurate eco-efficiency estimates. Our study showed that the water
companies in England and Wales need to make more effort to improve the way they run
their operations. Water companies should move to a more efficient allocation of resources
that could allow them to be more economic and environmentally efficient. For instance,
the adoption of new technologies to reduce costs during the treatment process and curtail
carbon emissions could be of great importance. Finally, the methodology applied in this
study shows that there might be other factors, such as water treatment complexity and
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population density, that could influence companies’ eco-efficiency. These aspects should be
taken into account in the decision-making process for a sustainable, healthy, and efficient
urban cycle.
5. Conclusions
In the light of climate change and increased population growth, water companies
need to make efforts to improve not only their economic performance but also their
environmental performance. Improving the eco-efficiency in the water production process
could lead to lower economic costs and, eventually, lower GHG emissions released in the
atmosphere. This is particularly evident in the UK water industry, which seeks to move to
a carbon-free industry by 2050.
This study provides evidence on the eco-efficiency of the water companies in England
and Wales during the years 2013–2018. We analyzed their eco-efficiency scores based on
a robust DEA model using cross-efficiency techniques. This technique considers both
the self and peer evaluation of all water companies. We further analyzed companies’
eco-performance using cluster techniques that allowed us to assemble water companies
in homogeneous groups based on their eco-efficiency scores. Finally, we obtained a better
insight into the drivers of companies’ eco-efficiency using econometric techniques. The
results can be summarized as follows. First, it is concluded that a model that took into
account the ranking preferences and competitive environment of firms could lead to robust
eco-efficiency estimates. Moreover, it was found that on average the English and Welsh
water industry needed to manage better its managerial practices to improve eco-efficiency.
In particular, the average WaSC needed to further reduce its costs and CO2eq emissions
by 24.8% to generate the same level of output. The average WoC could produce the same
output with 25.7%, of costs and CO2eq emissions used if they were producing on the
frontier. The findings showed that there was a downward trend in WaSC’s eco-efficiency,
whereas the opposite was true for WoCs. It appears that the price review did not have a
major impact on water companies’ performance because additional savings in costs and
GHG emissions should be pursued in the following years. Our cluster analysis showed
that during the whole period of study, two types of groups exist in the industry, i.e., the
most eco-efficient group and the less eco-efficient group. The latter group needed to reduce
its costs and carbon emissions by 32.5% on average to improve performance relative to
the most eco-efficient group. It seems that water companies’ eco-efficiency is influenced
not only by production costs but also other operating characteristics, such as population
density and average pumping head. Advanced levels of water treatment, high energy
requirements to distribute water to customers, and densely populated areas could increase
costs and lead to higher carbon emissions. It was found that keeping things equal, a one
unit increase in the level of water treatment and population density could lead to 0.571 and
0.291 unit decreases in average water companies’ efficiency, respectively.
We note that this methodology included GHG emissions from the supply of water
services. This methodology can be extended to measure the eco-efficiency of both water
and wastewater services, therefore covering all stages of the water and wastewater supply
chain. This would require information regarding GHG emissions from the provision of
wastewater services. Moreover, this methodology could apply to any other sector of the
economy that contributes to the release of carbon emissions in the atmosphere, such as the
agriculture and transport sectors. It can also be extended at a larger scale if the researcher
is interested in measuring the carbon (or energy) efficiency of countries using macro-level
data. We finally note that this methodology could also be used to measure the efficiency
of other undesirable outputs, such as water leakage and unplanned interruptions, or any
other pollutants, such as air pollution, by taking into account socio-economic data from
human activities such as energy use and transport. Thus, these applications could provide
insightful contributions to a more sustainable, efficient, and healthy economy and society.
Overall, the following conclusions could be drawn from a policy perspective. First,
improving the eco-efficiency in the water production process by reducing energy costs
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and GHG emissions is among the challenges that water companies will be faced with
in the future. Thus, it is important for them to know how eco-efficient they have been
over time and what impacts inefficiency. The adoption of new technologies to reduce
treatment costs or the use of renewable energy could be of great importance to reduce
costs and carbon emissions. Eco-inefficiency could be attributed not only to energy costs
and carbon emissions, but also other characteristics related to topography and density of
water companies. Our study showed that high water treatment complexity and densely
populated areas could be additional factors that impact eco-efficiency and should be
incorporated in the business decision-making process.
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